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SUMMARY
Insulin’s activation of PI3K/Akt signaling, stimulates glucose uptake by enhancing
delivery of GLUT4 to the cell surface. Here we examined the origins of intercel-
lular heterogeneity in insulin signaling. Akt activation alone accounted for
~25% of the variance in GLUT4, indicating that additional sources of variance
exist. The Akt and GLUT4 responses were highly reproducible within the same
cell, suggesting the variance is between cells (extrinsic) and not within cells
(intrinsic). Generalized mechanistic models (supported by experimental observa-
tions) demonstrated that the correlation between the steady-state levels of two
measured signaling processes decreaseswith increasing distance from each other
and that intercellular variation in protein expression (as an example of extrinsic
variance) is sufficient to account for the variance in and between Akt and
GLUT4. Thus, the response of a population to insulin signaling is underpinned
by considerable single-cell heterogeneity that is largely driven by variance in
gene/protein expression between cells.
INTRODUCTION
Despite our long-held appreciation of heterogeneity at the species level, we have only recently begun to
appreciate the significance of intercellular heterogeneity with respect to biology and disease. Recently,
studies of single cells have uncovered that cell-to-cell heterogeneity underpins embryonic development
(Biddy et al., 2018; Zhao et al., 2019), cellular metabolism (Sharick et al., 2019; Zhang et al., 2018), immunity
(Miragaia et al., 2019; Shalek et al., 2013), neuronal function (Chelaru and Dragoi, 2008; Petitpré et al., 2018),
clonal evolution in cancer (Navin et al., 2011; Nolan-Stevaux et al., 2013; Wang et al., 2014), and multidrug
resistance in bacteria and tumors (Balaban et al., 2004; Gorre et al., 2001; Greaves, 2015; Keren et al., 2004;
Lee et al., 2014). Such findings have not only furthered our understanding of biological mechanisms but
also necessitated a change in the design of therapeutic approaches to accommodate heterogeneous
cellular populations in disease.
The insulin signaling pathway is central to the regulation of glucose metabolism. Adipose and muscle cells
respond to insulin by redistributing GLUT4 from intracellular compartments to the plasma membrane (PM).
This occurs in response to the activation of a signaling cascade initiated by insulin binding to its receptor at
the PM, which leads to recruitment and activation of class I phosphatidylinositol 3-kinase (PI3K). PI3K-
generated phosphatidylinositol-(3,4,5)-trisphosphate (PIP)3 at the PM serves as a docking site for the
Ser/Thr kinase Akt, which is activated by phosphorylation at the PM. Akt is a central regulatory node in
the insulin signaling pathway, and its activation is necessary and sufficient for insulin-stimulated GLUT4
translocation (Kohn et al., 1996; Ng et al., 2008; Tan et al, 2012b, 2015). Akt-mediated phosphorylation
of the RabGAP AS160/TBC1D4 releases vesicles containing GLUT4 from intra-cellular compartments to
the PM. This permits the rapid uptake and storage of glucose (Stöckli et al., 2008; Tan et al., 2012a).
We have previously used live cell total internal reflection fluorescence microscopy (TIRFM) to unveil hetero-
geneity in the insulin-stimulated redistribution of glucose transporter 4 (GLUT4), to the PM in adipocytes
(Burchfield et al., 2013). Intriguingly, individual cell responses were non-stochastic and highly reproducible
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across multiple stimuli, implying that adipocytes possess a predetermined sensitivity to insulin. As
impaired insulin-stimulated GLUT4 translocation to the PM is a key feature of insulin resistance (Cline
et al., 1999; Fazakerley et al., 2018; Gonzalez et al., 2011; Hoehn et al., 2008; Tremblay et al., 2001), under-
standing the basis for this heterogeneity may further our understanding of insulin resistance.
Given the central role of PI3K/Akt in GLUT4 trafficking, we hypothesized that intercellular heterogeneity in
insulin-stimulated GLUT4 translocation would be a direct consequence of heterogeneity in PI3K/Akt acti-
vation. Using a combination of live single-cell imaging, statistical modeling, and generalized mechanistic
models we found that (1) distinct aspects of the Akt translocation response to insulin were independently
predictive of GLUT4 responses within single cells; (2) this predictive power was weaker than anticipated,
suggesting that additional variance is introduced between Akt and GLUT4; (3) the correlation between
Akt and GLUT4 responses in the same cell was likely a consequence of the large number of regulatory steps
between them; (4) signaling events closer in time and space had amuch greater correlation within cells; and
(5) response heterogeneity throughout the population is driven by extrinsic factors (differences between
cells) that are stable over hours such as difference in protein expression between cells. These observations
are crucial for furthering our understanding of how signaling within single cells contribute to the response
of the population and how this relates to the development of disease.
RESULTS
Single-cell Akt responses to insulin are heterogeneous and reproducible
We and others have previously demonstrated that insulin-stimulated GLUT4 translocation to the PM is
markedly heterogeneous between individual cells (Burchfield et al., 2013; Lizunov et al., 2015) and repro-
ducible within a cell (Burchfield et al., 2013). However, the factors that give rise to this heterogeneity remain
unclear. Given that Akt is a central node of the insulin signaling pathway and that the recruitment of Akt to
the PM is required for GLUT4 translocation (Ng et al., 2008), we hypothesized that heterogeneity in insulin-
stimulated PI3K/Akt signaling could drive the heterogeneity observed in GLUT4 translocation.
To test this, we first compared the intercellular heterogeneity observed for insulin-stimulated GLUT4 trans-
location and Akt recruitment. Consistent with our previous findings using the pHlourin-GLUT4-tdTomato
reporter construct (Burchfield et al., 2013), insulin-stimulated delivery of GLUT4-pHluorin to the PM dis-
played a high degree of intercellular heterogeneity (Figure 1A). At the same physiological dose of insulin,
Akt2 recruitment was also highly heterogeneous (Figure 1B). Our previous observation that variability in
cellular GLUT4 responses were reproducible over repeat stimuli indicates that the variability is non-sto-
chastic and represents a predetermined sensitivity to insulin. We next tested whether the heterogeneity
in insulin-stimulated Akt2 translocation was also non-stochastic. Cells were exposed to 1 nM insulin for
20 min, followed by a 2-h washout with basal media and a second 1-nM insulin stimulation. The response
to the second stimulus was highly correlated with the primary response (Figures 1C and 1D; r = 0.98 versus
r = 0.71 for a random pair). Together, these data demonstrate that the recruitment of Akt2 in response to
insulin is both heterogeneous and non-random. This is consistent with our observations of GLUT4 traf-
ficking (Burchfield et al., 2013) and with the possibility that heterogeneity in insulin-stimulated Akt activa-
tion may drive heterogeneity in GLUT4 translocation.
Validation of a co-expression system for assessment of insulin-stimulated Akt2 and GLUT4
recruitment
To further explore the relationship between Akt and GLUT4 within single cells, we conducted a series of
live-cell imaging experiments where Akt2-tagRFP-T andGLUT4-pHluorin were co-expressed in adipocytes.
Across five independent experiments in which a total of 206 cells were imaged, we observed extensive het-
erogeneity in both the Akt2 and GLUT4 responses (Figure 2A). Individual cells from the five independent
experiments were well-mixed in the principal-component analysis (Figure 2B), suggesting the heterogene-
ity we observed in Akt2 and GLUT4 responses are unlikely to be driven by experimental batch effects. There
was a strong linear correlation between the expression levels (as assessed by epifluorescence) of Akt2-
tagRFP-T and GLUT4-pHluorin, indicating that there was no preferential expression of one protein over
the other (Figure 2C, upper panel). The implication is that both constructs are delivered at similar levels
during co-electroporation. Finally, there was no correlation between Akt2 expression and the GLUT4
response, indicating that the observed GLUT4 responses were not driven by the degree of Akt2 overex-
pression (Figure 2C, lower panel). Taken together, these data suggest that the effect of overexpression
on Akt2 and GLUT4 responses was minimal.
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Maximum Akt2 recruitment is a predictor of the GLUT4 response in the same cell
We predicted that we would observe a high degree of correlation between the Akt and GLUT4 response
within a single cell. To explore this, we assessed the major response parameters between Akt and GLUT4.
For Akt these were the area under the response curve (AUC), response maximum (Max), and the response
profile (Shape; calculated as the AUC of min-max normalized response). For GLUT4 these were the Max,
response half-time, and response lag (see Transparent Methods). The strongest correlation we observed
was between the Akt AUC and the Max GLUT4 response (r = 0.52, Figures 3A and 3B), followed by the
Akt Max and GLUT4 Max (r = 0.47, Figures 3A and 3B).
Interestingly, the shape of the Akt response was also predictive of the GLUT4 Max (r = 0.23, Figures 3A and
3B). To further dissect the correlation between Akt Shape and GLUT4 Max, we performed a fuzzy c-means
clustering and found two distinct Akt response profiles; one group of cells had a more sustained Akt
response after reaching a peak (Cluster 1; Figure 3C), and the other peaked and then sharply declined
(Cluster 2; Figure 3C). Cells in cluster 1 had a higher GLUT4 max than those in cluster 2 (p = 2.8x10-3; Fig-
ure 3C, bottom panel) suggesting that a more sustained Akt response leads to improved GLUT4
translocation.
Figure 1. Akt2 membrane recruitment is heterogeneous and non-random
(A and B) The insulin-stimulated (1 nM) translocation of both GLUT4 (A) and Akt2 (B) to the PM is heterogeneous within a
population of cells.
(C) Akt2 recruitment to the PM is reproducible following a 2-h washout in response to 1 nM insulin within a single cell.
(D) Statistical test comparing reproducibility of Akt2 recruitment (in response to 1 nM insulin before and after 2-h washout)
within a cell (red boxes) and between cells (light blue boxes). p values were calculated from a two-sided Wilcoxon rank-
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Akt max and shape are independent predictors of the GLUT4 response
To further assess the predictive power of various Akt response characteristics toward the GLUT4 maximum
we applied a random forest regression model. Consistent with the correlation analysis (Figure 3A), the
maximum of the Akt response was highly predictive of the GLUT4 Max, with the Akt response profile
(i.e., Akt shape; cluster membership scores) also displaying predictive power (Figure 4A). Interestingly,
although the AUC of Akt was highly correlated with GLUT4 Max (Figure 3A), random forest analysis sug-
gested that there was very low predictive power of this Akt characteristic toward the GLUT4 response (Fig-
ure 4A). As AUC is a combination of both the response magnitude and response profile, we hypothesized
that the low predictive power of Akt AUC was due to the high redundancy when these features were also
present in the analysis model. To investigate this, we performed partial correlation analyses between
GLUT4 max and different combinations of Akt features. Although all three Akt features were strong predic-
tors for GLUT4max (Figures 4B and 4C), partial correlation analyses highlighted the redundancy of Akt AUC
when Akt max and shape are included (Figure 4B), and, notably, these analyses revealed that Akt max and
shape are important independent predictors of GLUT4 max (Figure 4C).
Interestingly, the statistical modeling suggests that the combined power of both Akt2 variables (Max,
Shape) explains ~27% of the variance in GLUT4 (Figures 3A and 3B, Akt AUC versus GLUT4 max r =
0.52, r2 = 0.27). This suggests that variance is introduced between Akt and GLUT4.
Mechanistic modeling demonstrates that intercellular variability in protein expression can
account for the increase in variance between Akt and GLUT4
We surmised that variance introduced into the systemwouldmost likely result fromeither intrinsic noise (such as
the stochastic nature of biochemical reactions; intracellular variance) or from extrinsic noise (such as the vari-
ability in gene/protein expression between cells; intercellular variance). The high degree of reproducibility in
Akt and GLUT4 responses within single cells subjected to repeated stimuli (Figures 1C and 1D; Burchfield
Figure 2. Quality control analyses of 5 GLUT4 and Akt2 recruitment datasets reveal no deleterious effects of
overexpression
(A) Temporal GLUT4-pHluorin trafficking and Akt2-tRFPt recruitment in individual 3T3-L1 adipocytes upon 1-nM insulin
stimulation visualized by TIRFM.
(B) Principal-component analysis plots summarizing response profiles of GLUT4 and Akt2 in each cell into two principle
components. Cells are color coded by experiment.
(C) Correlations between expression levels of each construct (upper panel) and Akt2 expression level andmaximal GLUT4
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et al., 2013) argues against a significant contribution of intracellular variance driving response heterogeneity.
Instead, it suggests the variance is intercellular and is stable within a cell over the timescale we are considering
(hours). Given that it is now well established that gene expression in single cells is heterogeneous (Buettner
et al., 2015; Evers et al., 2019; Kashima et al., 2018) and protein expression typically correlates with gene expres-
sion (Yang et al., 2019) we hypothesized that differences in the expression of individual proteins between cells
would introduce stable intercellular variance throughout the pathway.
To assess the degree of variance we could expect in the expression of a single gene between cells, we
explored the range of gene expression that exists in 18 cell types from the TabulaMuris Consortium (Tabula
Muris Consortium, 2018). In these datasets 2,000–5,000 genes were quantified per cell (Figure 5A).
Toconservativelyestimate themagnitudethat theexpressionofa singlegenecanvarybybetweencellswecalcu-
lated thedifferencebetween themeansof theupperand lowerquartile for eachgeneandcalculated theaverage
of each gene for each cell line (Figure 5B).We observed that themajority of genes vary by approximately 32-fold
between cells, with a range from1- to 1,000-fold (Figure 5B). For relevance to insulin signal transduction, we then
limited the analysis to genes definedby theGO termGO:0007169, transmembrane receptor protein tyrosine ki-
nase signaling pathway. Here we observed that expression ranges between 9- and 70-fold with the majority of
genes varyingbymore than32-fold (Figure5C). Similar variabilitywasobserved in3T3-L1fibroblasts, theparental
cell line used in this study (Figures S1A and S1B). These data demonstrate that gene expression is highly variable
between cells and is consistent with protein expression being similarly variable between cells. We next con-
structed two kinetic models of a generalizedmulti-tier signaling network (with 6 nodes) that resembles a typical
signaling cascade triggered by an extracellular input (e.g. insulin), first without and then with a simple negative
feedback (Figures 6A and 6B). The latter model was considered, as several negative feedbacks have been
Figure 3. The magnitude and shape of insulin-stimulated Akt2 recruitment are predictive of GLUT4 response
heterogeneity in single cells
(A) Correlations of intracellular GLUT4 and Akt response characteristics.
(B) Scatterplot of individual Akt2 response features with respect to GLUT4 maxima. Fitted lines are from linear regression
model. The color points in the third panel denote the clusters of each cell based on (C).
(C) Akt recruitment clusters as determined by response shape and their corresponding GLUT4 maxima. For the line plot
data are mean G SD. For the boxplot, the boxes capture the lower and upper quartiles with the median displayed as a
horizontal line in the middle; whiskers are min and max.
See also Figure S4.
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described in the insulin signaling pathway (Copps andWhite, 2012; Dibble et al., 2009) and we and others have
observedbehaviors consistentwith thepresenceofnegative feedback (Balbiset al., 2000;Cedersundet al., 2008;
Ebner et al., 2017; Norris et al., 2017b). A detailedmodel description including model reactions, equations, and
parameters is given in the Supplementary Text. Using thesemodels, we performed 50 independent time course
simulations at a nominal set of kinetic parameter values, where the expression of each network node (Sn and Pn)
was allowed to randomly varywithin a 25-fold range (5-fold upanddownof the respective nominal values), which
is in line with the variability in gene expression observed in the TabulaMuris and 3T3-L1 fibroblast datasets (Fig-
ures 5A–5C and S1). To avoid bias with the nominal kinetic parameter values, we repeated these simulations for
1,000 randomly sampled sets of kinetic parameters. In general, the linear cascade generated rectangular hyper-
bola-shaped response profiles that shifted toward sigmoidal responses for nodes further downstream (Figures
6C, S2A, and S2B). On the other hand, the introduction of a negative feedback resulted in an overshoot behavior
in the initial responseprofile (Figures 6E, S2C, and S2D) that transitioned tohyperbolic-shaped responses further
downstream (Figures 6E, S2C, and S2D). This resembles the dynamics experimentally observed for Akt and
GLUT4 (Figure 2A) following physiologically relevant insulin stimulation (1 nM). As expected, varying the feed-
back strength within a parameter set demonstrates that feedback introduces an overshoot, decreases the
response magnitude, and increases the response speed (Figure S3). These data show that the models were
able to capture a diverse range of behaviors and importantly that variance in protein expression introduced vari-
ance into the system at a level similar to what has been observed in biological settings.
Irrespective of the presence of feedback, we observed that the variance in the system is compounded at
each node, which leads to a substantial increase in the response variability with distance from the primary
node (i.e., aS1) (Figure 6I). Consistent with the simulation result, the population responses of Akt and
GLUT4 had coefficients of variation of 18% and 57%, respectively, following stimulation with 1 nM insulin
(Figure S4). As a consequence of the increased variance, we observed that the correlation of aS1 and down-
stream nodes decreased as the number of nodes between them (distance) increased (Figures 6D and 6F).
Importantly, this reduction in correlation holds true even when averaged across all 1,000 different random
parameter sets (Figure 6H). The amount of variance at a given node is dependent on the overall length of
the cascade at the point being considered, whereas the correlation between two nodes is dependent on
the number of steps between them as this dictates howmuch variance is accumulated. Consistent with this,
when using a within-cascade node, e.g., aS4 as a reference node, model simulations in both models show
that correlation with aS4 gradually decreases for nodes that are positioned either further upstream or
downstream (Figure 6I). Feedback suppresses variance in a fashion dependent on the feedback strength
(Figure 6G), and this is associated with a decrease in the correlation of aS1 with all subsequent nodes (Fig-
ure 6G), suggesting that variance may be an important factor in determining the strength of a correlation.
Consistent with this, we observed that the level of variance at node 1 was strongly correlated with how aS1
correlated with downstream nodes (Figure S5). Taken together these data suggest that intercellular vari-
ability in the expression of individual proteins introduces variability into the system that accumulates across
each node but allows for response reproducibility within a single cell.
Figure 4. Akt AUC predictiveness of GLUT4 max response can be decomposed into Akt max and Akt shape
(A) Predictive power of cluster membership scores from the two fuzzy c-means clusters, AUC, and Akt2 max and Akt
response shape. Time points before the insulin stimulation (from 1 to 10) are included as negative controls. Variables are
sorted by their predictive power based on a random forest regression model.
B, C) Correlation and partial correlation analyses on Akt AUC redundancy in GLUT4 max response prediction (B), and
independence of Akt max and Akt shape in GLUT4 max response prediction (C).
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The proximal signaling nodes PDK1 and Akt are highly correlated
The mechanistic modeling predicted that events spatiotemporally closer to Akt recruitment would display a
greater correlation thanobserved for nodes further away, suchasGLUT4 translocation. To test this,wemeasured
the correlation between PDPK1 and Akt recruitment, which both bind PIP3 at the PM upon insulin stimulation
(James et al., 1996; Lasserre et al., 2008; Park et al., 2008). PDK1-eGFP and Akt2-tRFPt were co-expressed in
3T3-L1 adipocytes and imaged by TIRFM following stimulation with 1 and 100 nM insulin (Figure 7A). The fold
change in insulin-stimulated Akt and PDK1 recruitment was heterogeneous between cells (Figure 7A). Impor-
tantly, Akt and PDK1 recruitment were significantly correlated in bothmagnitude and shape at both doses of in-
sulin (Figure 7B), withPDK1 recruitment being able topredict between 58%and 81% (r2 = [0.76]2 and [0.9]2) of the
Akt response. We next measured the phosphorylation of Akt at T308 by PDK1. Cells expressing Akt-tRFPt were
imaged by TIRFM and stimulated with 1 nM insulin. After 2 min the cells were rapidly fixed and immunostained
with an anti-phosphoT308 antibody. The same cells were then re-identified and phospho-T308 staining quanti-
fied by TIRFM and correlated with Akt recruitment. Despite the low number of cells (due to experimental
complexity), the recruitment of Akt was highly correlated with its phosphorylation at T308, with recruitment ex-
plainingmore than 75%of T308 phosphorylation (Figures 7C ,and 7D). These correlations are in stark contrast to
the27%of theAkt response that canexplain theGLUT4 response (Figure 3) and support themodelingprediction
that closer nodes within a signaling network have a greater correlation.
DISCUSSION
In recent years, our understanding of the importance of cellular heterogeneity and efforts to investigate single-
cell biology has soared. Such studies have been highly informative of biological mechanisms that previously
eluded discovery using population-averaged approaches (Chi, 2014; Cooper and Bakal, 2017; Wang and Bod-
ovitz, 2010), such as the contributions of adaptive and acquired resistance of tumor subpopulations in response
to neoadjuvant chemotherapy (Kim et al., 2018). Previous findings by our laboratory have demonstrated that in-
sulin-stimulated delivery of GLUT4 to the PMdisplays intercellular heterogeneity (Burchfield et al., 2013), yet the
source of this heterogeneity was not clear. In the present study we tested the hypothesis that insulin-stimulated
GLUT4 responses would largely be driven by the activity of Akt, a critical node in the insulin signaling pathway.
We employed live-cell imaging to determine whether cell-to-cell heterogeneity in GLUT4 trafficking correlated
with the indices ofAkt activation: PM recruitment andAkt phosphorylation. Insulin-responsive PM recruitment of
Akt2 was highly heterogeneous across a population of adipocytes, yet individual responses were highly repro-
ducible following repeat stimuli, consistent with our observations of insulin-stimulated GLUT4 translocation
(Burchfield et al., 2013). Themagnitude and kinetics of the Akt2 recruitment response were strong, complemen-
tary predictors of the GLUT4 response, consistent with the known importance of the PI3K/Akt node in this
Figure 5. Individual genes are expressed at highly variable levels between cells
(A) Boxplot of relative frequency of gene expression across 18 cell lines from the Tabula Muris Consortium.
(B) Boxplot of the difference in gene expression observed between cells. Boxes capture the interquartile range with the
median represented by a horizontal bar and whiskers representing the upper and lower 1.5*IQR values. Points denote
outliers.
(C) Scatterplot illustrating the expression range of genes defined by GO term transmembrane receptor protein tyrosine
kinase signaling pathway. x axis denotes the median gene expression across the 18 cell lines. y axis denotes the median
log2 fold change in gene expression. Each point denotes a gene and has been colored by the coefficient of variation (CV).
See also Figure S1.
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Figure 6. Spatiotemporal correlation between nodes within a generalized multi-tier signaling network
(A) A generalized multi-tier signaling cascade with no feedback loop. Reactions (in this case phosphorylation) within each tier are reversible, and the active
form of the nodes can be converted to the inactive form by phosphatases (Pi, i = 1 . n).
(B) As in (A) but where S1 is under regulation of a negative feedback loop.
(C) Representative simulated time course response profiles of each network node in (A) following insulin stimulation at t = 0; each curve represents one of 50
different runs where the expression of network nodes were randomly varied.
(D) Scatterplots showing steady-state correlation between the primary upstream node (active S1, aS1) and downstream nodes from the representative
simulated time course response profiles from (C).
(E and F) (E) As in (C) but for the negative feedback network (B). (F) As in (D) but for (E).
(G) Coefficient of variation for each of the nodes across all parameter sets for both models.
(H) Correlation coefficients between the simulated steady state of active S1 (primary node) and the downstream nodes showing correlation decreases as
their distance increases. The correlation coefficient indicates Pearson’s linear correlation coefficient. The error bar indicates standard deviation from
randomly generated kinetic parameter sets (n = 1,000). *p<0.05 compared with aS4/aS4 node with the same feedback, by by two-way ANOVA with Dunnett
correction for multiple comparisons.
(I) Correlation between the simulated steady state of active S4 and the up- and downstream nodes for both models where the feedback is strong. ****p <
0.0001 for change with distance from node1 by two-way ANOVA. #p < 0.01 compared with no feedback within the same node by two-way ANOVA with
Dunnett correction for multiple comparisons.
See also Figures S2–S5.
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process. The lack of predictive power of the Akt2 response in the other features of GLUT4 translocation (half-
time, lag) suggests that the regulation of steady-state levels of PM-associated GLUT4 is the most important
aspect of insulin-stimulated-GLUT4 trafficking, which is not surprising, given this underpins glucose uptake
(Klip et al., 2019). Intriguingly, the variability in Akt recruitment could only explain around 25% of the variability
in the GLUT4 response. This implies additional sources of variability. Although the variability could either be
intracellular (driven by stochastic nature of molecular interactions) or intercellular (driven by differences in
gene/protein expression), only an intercellular source of variance can explain the intracellular response repro-
ducibility that we observe for Akt and GLUT4. Given that the expression of individual genes can vary by several
orders of magnitude between cells, we explored the hypothesis that signaling heterogeneity is driven by vari-
ability in protein expression and found that this is likely to be amajor contributor to the variance that is observed
for Akt andGLUT4. Themodeling demonstrates that variance in the system is compounded at each node in the
pathway. As such, the correlation between nodes decreases as the number of nodes between them increases,
which was corroborated by experimental data in our biological system. Together, these data strongly suggest
that cell-to-cell difference in protein expression is a major driver of intercellular signaling heterogeneity.
As hypothesized, our data suggest that Akt is predictive of the GLUT4 response, consistent with the impor-
tance of the PI3K/AKT node in this pathway. Additionally, we observed that variance was introduced
Figure 7. Adjacent components of the insulin signaling pathway are highly correlated
The magnitude and shape of insulin-stimulated PDK1 and Akt recruitment to the plasmamembrane are highly correlated.
(A) 3T3-L1 adipocytes were co-electroporated with Akt2-tRFPt and PDK1-eGFP and treated with 1 and 100 nM insulin.
Recruitment was assessed using TIRFM. Each line is the response of an individual cell, colored in accordance with the
magnitude of recruitment.
(B) Comparisons of the PM recruitment maxima (left) and shape (right) observed for Akt and PDK1 in response to 1 (upper)
and 100 (lower) nM insulin.
(C) PM recruitment of Akt2-tRFPt in single 3T3-L1 adipocytes following a 2-min 1-nM insulin stimulation, as measured by
TIRFM. Each cell’s response was ranked from dark to light blue, in order of increasing T309 phosphorylation quantified by
immunofluorescence.
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between Akt and GLUT4 that appeared to contribute substantially to GLUT4 heterogeneity. This variance
was consistent with it being extrinsic in nature and primarily the result of differences in protein expression
between cells. Akt is a critical regulator of insulin-stimulated GLUT4 translocation. Indeed, themost power-
ful predictor of the GLUT4 response in our experiments was the area under the curve for Akt translocation
to the PM, which could be decomposed into the response maximum and the shape. This suggests that it is
both the extent of Akt recruitment and the duration of the Akt response that are important for signaling to
GLUT4. The effect of magnitude on a signaling response is quite intuitive, whereas the importance of shape
is less so. The 1 nM insulin Akt response profile (shape) broadly separated into two classes, those with a
strong overshoot and those with more of a square-wave or sustained response. Overshoot behaviors are
consistent with negative feedback (Cheong and Levchenko, 2010). Indeed, when we introduced a negative
feedback into our generalized pathway model we observed an overshoot in the upstream responses in
many of the randomly sampled parameter sets (Figures 6E, S2C, and S2D), which was not present in the
linear cascade. Given that negative feedback exists in the Akt pathway (Copps and White, 2012; Dibble
et al., 2009), it is tempting to speculate that the Akt response profile is an indicator of the strength of
this feedback and that the reduced GLUT4 response observed in the cells with a stronger overshoot is a
result of stronger negative feedback. Irrespective of whether it is driven by feedback, these data suggest
that sustained recruitment of Akt to the PM increases signal transmission to its substrates such as TBC1D4/
AS160, which is required for release, tethering, and docking of GLUT4 storage vesicles (GSVs) at the PM (Bai
et al., 2007; Brewer et al., 2011; Gonzalez and McGraw, 2006; Xiong et al., 2010).
Despite the strong correlation between the Akt response andGLUT4, variance in Akt only accounted for around
25% of variance in the GLUT4Max response (Figure 3) and had an evenmore limited predictive power on other
features of the GLUT4 response such as lag and half-time. These data suggest that variance is introduced be-
tweenAkt andGLUT4.Consistentwith this, the variance in theGLUT4 responsewas approximately 3-fold higher
than for Akt in response to 1 nM insulin (57% vs 18%, respectively). So, what is the source of this variance and
where does the variance in Akt itself come from? One possibility is the random nature of biochemical reactions
that is driven by the random interaction of biomolecules (intrinsic noise). This sort of stochastic variability would
lead to the introduction of noise at each step of the pathway; however, it would not give rise to the high intra-
cellular response reproducibility that is observed for Akt (Figure 1D), GLUT4 (Burchfield et al., 2013), and in other
systems (Wada et al., 2020). This highlights a preexisting sensitivity within individual adipocytes whereby the
source of variance must give rise to heterogeneity between cells and reproducibility within cells (i.e., extrinsic
variance). Gene/protein expression is the most commonly cited example of extrinsic variance, and considering
that the expression of individual genes can vary markedly between cells within the same population (Figure 5),
we propose that this is likely to be the major source of variance in the system we are considering. Based on pre-
vious observations in these cells (Su et al., 2019) protein expression would not be expected to change signifi-
cantly over the timescale we are considering, leading to reproducibility within a cell. The generalized signaling
models demonstrated that variability in protein expression between cells is able to account for the observed
heterogeneity in the insulin signaling pathway.
The modeling demonstrates that irrespective of the presence of feedback, the strength of the correlation
between nodes in a signaling pathway decreases as the distance between them increases. This occurs
because the variance accumulates at each node the signal traverses. Importantly, this is also what we
observe in the biological system with higher correlations between Akt and PDK1 recruitment/Akt T309
phosphorylation when compared with GLUT4, which is at least several steps downstream of Akt. We
also observe increased variability in GLUT4 when compared with the Akt response (Figure S4), which is
also consistent with the modeling. We therefore propose that variation in protein expression levels (likely
a direct result of gene expression) is a central factor in determining the outcome of a signal transduction in
single cells. This combines with the signaling architecture to determine the response output.
The loss of information along nodes of intracellular signaling cascades unveiled in our integrative analysis
may be compared to the information loss governed by the data processing inequality principle, a key
concept in information theory. However, there are distinctions between the two. Although the data pro-
cessing inequality principle posits that information is typically lost through the processing of data, often
with an aim to simplify it, the reduction of information in our studied system is instead due to accumulation
of noise (variance) at each node as the signal traverses. In this sense, the phenomenon can be linked to the
law of error propagation that governs how the variance of some population outcome could be derived from
the individual variances of the other populations that contribute to it. An implication of this law is that
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variance typically accumulates when there is integration of signal, which is often the case in signaling path-
ways. In our studied signaling cascades, the individual populations would be the signaling nodes, with the
final variance being the variance of the end (distal) node. However, instead of the distal node integrating
signals from multiple nodes, in our cascades signal is sequentially passed from one node to the next, and
variance is accumulated at each node, resulting in a high variance at the distal one.
In addition, our modeling shows that variance still increases along the cascade even when a negative feed-
back is embedded into our network structure (albeit overall at lower levels). The behavior of noise is more
predictable for linear cascades, whereas the presence of feedback complicates intuitive reasoning due to
non-linearity and signal integration. We anticipate that depending on the specific structure of the added
feedback loops, i.e., where the feedback starts and ends, and whether it is positive or negative, the prop-
erties of signal and noise propagation in signaling cascade could be very different. In these cases, kinetic
modeling and simulation as similarly done here would be highly useful in exploring these emergent
behaviors.
These observations described herein lead one to question whether the variance in this system serves a purpose.
Is there a biological consequence or has biology exploited the existence of this variance? Stochastic resonance
is a general phenomenon whereby noise added to a non-linear system improves the performance of the system
(McDonnell and Abbott, 2009). Wada et al. report a high degree of intercellular variability in the response of
individual myotubes to an electrical stimulus. Using the theory of mutual information, they demonstrated that
the intercellular noise carries information and improves the response dynamics of the population (Wada
et al., 2020). Consistentwith their observationwe havepreviously demonstrated that adipocytes display a robust
dose response to insulin; however, this is not observed at the single-cell level (Burchfield et al., 2013). This is
consistent with variance in insulin signaling carrying information in a similar fashion. In our mechanistic models,
we observe that the amount of variancewithin node 1 is tightly linked to howwell the node 1 response correlates
with downstream nodes (Figure S5), with increased variance leading to better correlations. This demonstrates
that variability carries information through a given system. The concept of stochastic resonance suggests that
there is an optimal level of noise for a given system after which system performance will degrade. We can
see this conceptually in our model where the overall systembehavior is a balance between the noise introduced
at each node and the starting variability. A system with more noise requires more initial variance to preserve
information. In conclusion, we believe the intercellular variability is beneficial to the system, whereby it will
improve the population response and decrease the sensitivity of the system to perturbation by other factors
such as external stressors.
Limitations of the study
Sources of extrinsic variance include differences in gene/protein expression, unsynchronized cell cycles or
circadian rhythms, differences in mitochondrial number, and environmental differences. Each of these po-
tential sources (with the possible exception of mitochondrial content) result from or in differences in gene/
protein expression. For example, cell cycle phase is determined by the expression of proteins that regulate
cell cycle kinases, and these ultimately trigger further changes in transcription and translation. Thus, it is
difficult to identify a source of extrinsic variance that is ultimately not driven by differences in gene/protein
expression that would meet the requisite criteria.
These studies were performed by overexpressing key signaling components such as Akt. It is important to
recognize that overexpression will have an effect on the system behavior. In this case we were not able to
observe any direct effect of Akt expression levels on the behavior of GLUT4. Furthermore, the endogenous
proteins are still present in these systems and their behavior has not been measured, as this is not feasible.
Ideally the reporters would replace the endogenous protein.
Finally, we acknowledge that in our system the expression level of the reporters adds an additional level of
experimental noise and there will also be other sources of noise such as measurement noise. We have,
where possible, accounted for these and do not believe these sources of noise change our conclusions.
Resource availability
Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by
the Lead Contact, James Burchfield (james.burchfield@sydney.edu.au).
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Materials availability
Resources and reagents generated as a part of this study are available on request.
Data and code availability
All data and code are available on request.
METHODS
All methods can be found in the accompanying Transparent Methods supplemental file.
SUPPLEMENTAL INFORMATION
Supplemental Information can be found online at https://doi.org/10.1016/j.isci.2021.102118.
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Supplemental Figures and Legends 
 
Supplementary Figure S1. Single cell gene expression data from 3T3-L1 fibroblasts reveals that the 
expression of individual genes can vary by more than an order of magnitude between cells. Related to 
Figure 5. A)Histograms showing the magnitude of expression differences of genes between cells. 
Expression of each gene was log2 transformed and the magnitude of difference for each gene was 
calculated between the minimum and maximum value, the top and bottom 10th percentile and the top 
and bottom quartile.B) The min:max fold change verse the average gene expression for a subset of genes 
associated with insulin signalling. 
 
Supplementary Figure S2. Example response profiles and correlations from the generalised multi-tier 
signalling networks. Related to Figure 6A and B. A) and B) are without feedback, C) and D) with feedback. 
 
 
Supplementary Figure S3. Negative feedback induces an overshoot, suppresses the overal signal and 
decreases the response time. The strength of feedback in a representative dataset with fixed expression 
levels as varied from weak to strong. Related to Figure 6. The response at each node are shown 




Supplementary Figure S4. The relative variability (coefficient of variation; CV) in the steady state 
response to 1nM insulin is greater for GLUT4 than Akt. Related to Figures 3 and 6.  Points represent the 
CV for each each experiment presented in Figure 2. Bar is the mean +/- the SD. *** p<0.001 by unpaired 
t-test with Welch’s correction. 
 
Supplementary Figure S5. Increased variance in the primary node (S1) leads to better information 
transmission through signalling cascades. Related to Figure 7. A) Scatter plots showing correlation 
between Rho (correlation between aS1 and downstream nodes) and coefficient of variance for aS1, for a 
single parameter set where the expression variation of the primary node was gradually increased up to 
1000 folds n the negative feedback model. The expression of network nodes and phosphatases were 
allowed to randomly vary within a maximum of 5 folds of nominal values (n = 50). Note that 20 folds of 
variation of the primary node generated very small CV of aS1.B)Alternative representation of correlation 




3T3-L1 murine fibroblasts sourced from the American Type Culture Collection (ATCC, Manassas, VA) were 
maintained as described previously (Norris et al., 2017a) and routinely tested and proven to be free of 
contamination. In brief, cells were cultured in high-glucose Dulbecco’s modified Eagle’s medium (DMEM), 
supplemented with 10% fetal bovine serum (FBS) and Glutamax (sourced from Gibco) at 37°C in the 
presence of 10% CO2. Differentiation of confluent fibroblasts into adipocytes was induced with the 
addition of 350 nM insulin, 250 nM dexamethasone, 0.5 mM 3-isobutyl-1-methylxanthine and 400 nM 
biotin for 3 days (all of which were from Sigma-Aldrich). Cells were then incubated in media containing 
350 nM insulin for a further 3 d, and refreshed with 10% FBS, DMEM and glutamax every 2 d afterwards. 
Experiments were performed from day 8-10 post-differentiation.  
Immunofluorescence 
Cells were seeded into 8 well Ibidi u-slides, coated with matrigel, seven d post-differentiation and then 
allowed to attach for 2 days. 9 days post-differentiation, cells were serum-starved in DMEM (with 0.2% 
BSA and Glutamax) for 2 hours at 37°C with 10% CO2 and then stimulated with 100 nM insulin. The 
coverslips were then briefly immersed in an ice-cold PBS bath and instantly fixed with 4% 
paraformaldehyde at room temperature for 15 min. Cells were then washed twice with room temperature 
PBS and quenched with 100 mM Glycine for 10 min. The cells were washed twice more with room 
temperature PBS, and incubated in blocking and permeabilising buffer (PBS with 2% BSA and 0.1% 
saponin) for 30 min. Cells were then incubated overnight at 4°C in blocking and permeabilising buffer 
containing the anti-phospho-T308-Akt primary antibody (rabbit; sourced from Cell Signalling Technologies 
- #9275) at a dilution of 1:100. The following day, the cells were washed with blocking and permeabilising 
buffer 5 times, and then incubated with anti-rabbit Alexa-488 (1:500) at room temperature for 30 min in 
the dark. Cells were washed 5 more times with PBS and then stored and imaged in PBS, 5% glycerol and 
2.5% Dabco. 
Live cell imaging 
For live-cell imaging experiments, plasmids were delivered by electroporation 7 d post-differentiation(see 
(Norris et al., 2017b)).  Day 7 3T3-L1 adipocytes were trypsinized, pelleted at 150 x g for 5 min, and washed 
three times with PBS before resuspension in electroporation solution (20 mMHEPES, 135 mMKCl, 2 
mMMgCl2, 0.5%(w/v) Ficoll 400, 1% (v/v) DMSO, 2 mMATP, and 5 mMGSH,pH 7.6) and 5µg of plasmid 
DNA. Cells were then electroporated at 200 mV for 20 ms and plated onto Matri-gel-coated 35-mm Ibidi 
glass-bottom m-Dishes and seeded onto Matrigel coated 35 mm μ-dishes (Ibidi). After24 h, cells were 
incubated with basal medium (DMEM without FBS) for 2 h. Fol-lowing this media was replaced with 
KRP+buffer (KRP, 10 mM glucose andessential amino acids) and dishes were placed onto the stage of a 
Nikon TiEmicroscope equipped with an OKOlab microscope enclosure maintained at 37 °C.TIRF was 
achieved using a Nikon hTIRF module. TagRFP-T was stimulated with a568 nm laser angled at 71 °C and 
emission was captured on an Andor 888 emCCDcamera after passing through a 610/50 nmfilter. Buffer 
switching was performedusing a customfluidic setup. and seeded on matrigel coated coverslips. Cells were 
serum starved for 1.5 - 2 h in DMEM supplemented with 0.2% BSA and Glutamax and then transferred to 
a modified Krebs Ringer phosphate buffer (KRP) buffer consisting of 120 mM NaCl, 0.6 mM Na2HPO4, 0.4 
mM NaH2PO4, 6 mM NaCl, 1.2 mM MgSO4, 12.5 mM HEPES, 1 mM CaCl2, 10 mM glucose, 0.2 % w/v BSA 
and Glutamax at pH 7.4 for imaging. Assessment of live signalling responses were performed at 37°C in 
the absence of CO2. 
Imaging and computational analysis 
Images were analysed using FIJI (Schindelin et al., 2012). All downstream computational analyses were 
conducted using R programming environment. First, quantifications of GLUT4 and Akt across the time-
crouse were converted to ratios by dividing the quantification at each time point with the mean of those 
that prior to the treatment of insulin. Next, to combine GLUT4 and Akt, time-course profiles generated 
from multiple biological independent experiments, a locally weighted scatterplot smoothing (LOESS) 
model (Cleveland and Devlin, 1988) was fitted to each individual cell to interpolate and align time points 
across all experiments. Principal component analysis (PCA) was subsequently conducted to identify if 
there were batch efforts between individual experiments. Specifically, we summarised response profiles 
of GLUT4 and Akt in cells across measured time points into principal components (PCs) and investigated 
if the cells are grouped by their experimental batches in the PC space. 
For correlation analysis, we extracted the maximum response (max), time taken for activation (lag, 
defined as time taken to reach 10% of max), and half time (defined as time taken to reach 50% of max) 
from the GLUT4 profile of each cell. Similarly, we extracted the max, the area under the curve of response 
profiles (AUC) and the shape of the response profiles (min-max normalised AUC) from the Akt profile of 
each cell. Fuzzy c-means clustering was used to analyse the shape of the Akt response profiles and two 
clusters with distinctive temporal shapes were discovered. The importance of Akt characteristics are also 
assessed using a random forest regression model where they are ranked by their predictiveness to GLUT4 
max. For model inference, four models were defined with GLUT4 max as response variable and various 
combinations of Akt profile features as explanatory variables. These models were subsequently fitted to 
the data to identify explanatory variables and their combinations that were significantly associated with 
GLUT4 max response. 
Single cell data and calculation of fold change 
The processed single-cell expression matrix was downloaded from Tabula Muris Consortium 
(https://doi.org/10.1038/s41586-018-0590-4; https://tabula-muris.ds.czbiohub.org/). Specifically, gene 
counts derived from SMART-Seq2 RNAseq technology were used. The expression matrix was normalised 
using `logNormCounts` function from the `scater` package (McCarthy et al., 2017). We used cell type 
annotations defined from the original paper (Tabula Muris Consortium et al., 2018). For the current 
analysis, cell types with more than 600 cells were used, which resulted in a total of 18 cell types resolved 
by tissue origin. 
For each cell type, we calculated the intercellular log2 fold change in expression by calculating the 
difference in the median of gene expression from the top and bottom 25% quartiles of non-zero 
expression values. The log2 fold change in gene expression was calculated for each gene. 
Genes annotated to be part of the GO:0007169 pathway were extracted using `org.Mm.eg.db` (Marc 
Carlson (2020). org.Mm.eg.db: Genome wide annotation for Mouse. R package version 3.11.4.) and 
`GO.db` packages (Marc Carlson (2020). GO.db: A set of annotation maps describing the entire Gene 
Ontology. R package version 3.11.4.). For the genes in the gene set, the cell type specific intracellular log2 
fold change expression values were averaged to generate an average log2 fold change across all cell types. 
The average gene expression level and coefficient of variation was calculated in the same way. 
Kinetic modelling of generalized multi-tier signalling networks 
To computationally analyse the dynamics of a generalized signalling cascade, we constructed a kinetic 
model of a multi-tier, phosphorylation cascade using ordinary differential equations (ODEs) that are 
formulated based on Michaelis-Menten kinetics. The model’s schematic diagram containing the model 
reactions is given in Figure 5A and C. Model description including ODEs and rate equations used for 
simulations are given in Supplementary Tables S1-4. The model was implemented and numerically 
simulated in MATLAB ® (The MathWorks. Inc. 2020a) and IQM Tools (http://www.intiquan.com/intiquan-
tools/). IQM Tools was used to convert a standard IQM model into C code, which is compiled to an 
executable MEX file for model simulation. For the simulation analysis we generated random kinetic 
parameter sets (n=50) within wide ranges: kc = 0.001 – 100, Vm = 0.1 – 1000, and Km = 0.1 – 1000, and 
the expression of network nodes (Si = 100, i=1...6) and Phosphatase (Pi = 100, i=1...6) was allowed to 
randomly vary within a maximum of 5 folds of nominal values. We assumed that the cascade is stimulated 
by an input signal (in this case 10nM insulin) in all time-course simulations.  
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